ABSTRACT Fast and low-cost chromatic dispersion (CD) estimation is very important for fiber link that is dynamically reconfigurable in the next-generation optical networks. In this paper, a novel CD estimation method based on the deep neural network (DNN) with ultra-low sampling rate is proposed for the optical fiber transmission systems. The method can estimate CD for under-sampled signals by the trained DNN with a weighted average. To demonstrate the feasibility of the method, the simulation of a 28-GBaud fivechannel optical fiber transmission system with 100-2000-km SSMF transmission is carried, where the sampling rate of the analog-to-digital converter (ADC) at the receiver is only 500 MHz. The results show that the maximum mean absolute error (MAE) of the estimated CD is less than 75 ps/nm with the reference cumulative CD from 1600 to 32 000 ps/nm for QPSK and 16QAM signals. Meanwhile, the robustness of the proposed method is verified for amplifier spontaneous emission (ASE) and nonlinear (NL) noise. Furthermore, we experimentally demonstrated that the maximum MAE is less than 75 ps/nm when the transmission distance varies from 100 to 800 km in 20-GBaud QPSK optical fiber transmission system. In conclusion, the proposed DNN-based CD estimation method shows great potential for the cost-effective under-sampled systems.
I. INTRODUCTION
With the development of symbol rate and transmission distance, coherent optical communication has become one of the major research areas in optical fiber communication [1] , [2] . Fiber link impairments affect the quality of signals in longdistance transmission such as chromatic dispersion (CD), optical signal-to-noise ratio (OSNR), and nonlinear (NL) effects, raising the need for optical performance monitoring (OPM). In the dispersion-uncompensated fiber link, the first important progress is CD estimation and compensation after coherent detection and down-sampling [1] . The routing of next-generation optical networks is dynamically reconfigurable, therefore the changing CD of fiber links requires fast and low-cost estimation. In order to reduce the The associate editor coordinating the review of this manuscript and approving it for publication was Zinan Wang. costs of OPM, it is an effective method to reduce the sampling rate at the receiver [3] .
The traditional CD estimation method is based on vestigial sideband filtering, which uses a band-pass filter to filter the optical signals separately for the upper and lower sidebands. The CD is estimated by detecting the delay or phase of the two vestigial sideband signals [4] - [6] . However, the method is opaque to the signal baud rate in which the bandwidth of the band-pass filter is related to the baud rate of the signals. Recently, a blind CD estimation method based on fractional Fourier transform (FrFT) has been proposed [7] - [11] . The signals are transformed into fractional domain, then scan the different fractional orders to find the optimal order, and estimate the cumulative CD using the optimal order. The FrFT based blind CD estimation method requires the data with oversampling rate, which has high sampling rate requirements for analog-to-digital converters (ADCs). For the VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 3.0 License. For more information, see http://creativecommons.org/licenses/by/3.0/ above method, it is not available under the condition of ultralow sampling rate, furthermore as the symbol rate increases, the performance of the receiver is more demanded. For the CD estimation with ultra-low sampling rate, a training sequence based method has recently been proposed [3] . The periodic training sequences with ultra-low sampling rate can be spliced, which is equivalent to a very high sampling rate. Then, the FrFT based blind CD estimation method is used to estimate the CD of the spliced signals. However, the method needs to add training sequences in the time domain additionally, which reducing the transmission efficiency in the optical transmission systems. Recently, deep learning has become one of the research hotspots in the field of artificial intelligence, which mainly include deep neural network (DNN), convolutional neural network (CNN), recurrent neural network (RNN) [12] , etc. Deep learning can extract features from data in a self-learning way, which has made great progress in many fields such as computer vision (CV), speech recognition, and natural language processing (NLP) [13] - [15] . In recent years, deep learning has been applied in the field of optical communications, deep learning based constellation shaping method, CD and NL equalization algorithms have been proposed [16] - [22] . However, to the best of our knowledge, few deep learning based CD estimation methods with the ultralow sampling rate have been reported.
In this paper, a novel CD estimation method with ultralow sampling rate based on DNN in coherent optical fiber communication system is proposed, which does not require a training sequence and reduces the costs of OPM. The proposed method greatly reduces the requirements of high sampling rate of ADCs at receiver, which can be used for CD estimation of high symbol rate optical signals by ADCs with low sampling rate. The simulation of a 28 GBaud 5-channel optical fiber transmission system with the 100 km to 2000 km SSMF transmission is carried to demonstrate the feasibility of the method. The results show that the maximum mean absolute error (MAE) is less than 75 ps/nm with the reference cumulative CD from 1600 ps/nm to 32000 ps/nm for QPSK and 16QAM signals. The robustness of amplifier spontaneous emission (ASE) noise and NL noise are also proved. Furthermore, the performance of the proposed method has been experimentally proved with a 20 GBaud QPSK optical fiber transmission system. This paper is organized as follows: In Section II, we introduce the principle of DNN-based CD estimation method, including the principle of data preprocessing, the setting of DNN parameters, the training step and the testing step. In Section III, a 28 GBaud 5-channel optical transmission system is carried with Virtual Photonics Inc. (VPI) simulation software, demonstrating the feasibility of the method and its robustness to ASE noise and NL noise. In Section IV, an experimental platform is set up to investigate the performance of the method in the practical optical fiber communication systems. In Section V, the conclusions are drawn. 
II. CHROMATIC DISPERSION MEASUREMENT METHOD WITH DNN
The cumulative CD by long-distance fiber transmission causes distortion of signals in time domain, which is mainly reflected by the crosstalk between symbols. DNN can extract features from data in a self-learning way, so we use it to learn the effects of CD on time domain signals in our works.
The flow chart of CD estimation method with DNN is shown in Fig. 1 . The time domain signals sampled with ultralow rate under different conditions are first preprocessed. In the training step, the DNN is trained by the preprocessed time domain data. In the testing step, the preprocessed data under the test is subjected to the trained DNN to get the M-dimensional vector, then CD is estimated by using the method of weighted average. In the following, the data preprocessing, the parameters setting of the DNN, as well as the training and the testing steps will be described in detail.
A. THE PRINCIPLE OF DATA PREPROCESSING
The preprocessing principle is shown in Fig. 2 . The first step is to intercept the continuous N/2 data of I and Q channel, and respectively sort the I and Q data from small to large after the interception. And then the signals are combined, whose combination mode is that the two channels of data are connected end to end. After the combination, the data length becomes N and N is the preprocessed data length, which is artificially set. Finally, the combined data are normalized. Fig. 3 illustrates the I, Q data preprocessing process, (a) the blue line, the red line, and the black line represent the data of I channel and Q channel, and the combined data, respectively, (b) the black line represents the combined data after normalizing which is the preprocessed data. In this paper, we refer to the preprocessed curve as the characteristic curve.
B. SETTING UP A DNN STRUCTURE
As shown in Fig. 4 , the number of neurons in the input layer is N for the length of the data after preprocessing, and the number of neurons in the output layer is M for the number of reference CD in the data set. In addition, we optimize the data length N by observing the convergence speed and the convergence value of the loss function. As can been seen in Fig. 5 , when N increases from 250 to 1000, the convergence speed and convergence value of the loss function are significantly improved. However, when N increasing from 1000, the effect is not obvious and the model becomes complicated, therefore N is set to 1000.
The activation function of the output layer is set to the Softmax function, and the Softmax normalization formula can be expressed by Eq. (1) [23] , [24] .
where y j is the output of the jth neuron of the output layer after the Softmax transform, α j is the output of the jth neuron of the output layer before the Softmax transform, and M is the number of neurons in the output layer. In this paper, there are 4 hidden layers in the DNN, and the number of neurons in each hidden layer is 1024, 512, 256, 128 respectively. The dimension of the output vector M is set to 20, corresponding to 20 reference CD in the data set. The activation functions are all Selu function in the hidden layers, which can be expressed by Eq. (2) [25] , [26] .
where λ, α is a constant, generally takes the value of 1.0507,1.6732 respectively. Dropout layer and L1, L2 regularization are added to the hidden layers to prevent overfitting, where dropout rate is set to 0.3, and L1, L2 regularization coefficients are both set to 0.0003.
C. TRAINING AND TESTING STEP OF DNN
In the training step of DNN, the weight and bias of the hidden layers are randomly initialized in the training beginning. The loss function adopts Softmax cross entropy, which can be expressed by Eq. (3) [24] .
whereŷ j is the label of the jth neuron of the output layer with one-hot. The gradient descent method of Adam optimization algorithm is used to train the DNN, which is iteratively trained with a batch size of 128. The number of training epoch is 1000. The learning rate is set to 0.001. When the value of the loss function is less than 10 −3 , the DNN is considered to have been trained.
In the testing step, the preprocessed data under the test is input into the trained DNN and outputs the M-dimensional vector. Then weighted average of the M-dimensional vector and the reference CD is used to obtain the estimated CD, which can be expressed by Eq. (4).
where CD esti is the estimated CD, CD j is the jth reference CD in the data set. 
III. SIMULATION
To demonstrate the feasibility of the proposed method, we used VPI simulation software to set up a 28 GBaud 5-channel optical fiber transmission system based on DNN as shown in Fig. 6 . The red arrow represents the optical signals and the blue arrow represents the electrical signals.
The symbol rate of all channels are 28 GBaud, and the middle channel is used to estimate CD. The channel spacing is 50 GHz and the launch power per channel varies from −2 dBm to 4 dBm with an interval of 1 dB. The center frequency of the laser is set to 193.1 THz and the linewidth of the laser is set to 100 kHz. The erbium doped fiber amplifier (EDFA) before the transmission link is used to adjust the launch power of the modulated signals. The CD coefficient and nonlinear refractive index of the SSMF are 16 ps/nm/km and 2.6e −20 s/m 3 , respectively. The number of spans is in the range of 1 to 20 with the interval of 1, in which there are 100km SSMF and an EDFA. Therefore, the reference CD for QPSK and 16QAM varies from 1600 ps/nm to 32000 ps/nm with the interval of 1600 ps/nm, and the M is set to 20. The OSNR is set by the SetOSNR module in front of the receiver, which introduces the effect of ASE noise on the signals. Particularly, no ASE noise is added to each EDFA, and OSNR is only controlled by the SetOSNR module. For QPSK and 16QAM two modulation formats, the OSNR is in the range of 12 dB to 30 dB and 18 dB to 36 dB with the interval of 2 dB, respectively. At receiver, the signals of middle channel are received coherently with ultra-low sampling rate of 500 MHz after a 50 GHz bandwidth optical band-pass filter (OBPF). The data in time domain is preprocessed for training and testing of the DNN. In this paper, the DNN is built on the Python language and the TensorFlow deep learning library. The main simulation parameters are summarized in Table 1 . According to the simulation conditions of the above system, 8400 sets of data are collected for each modulation format, corresponding to different seed numbers, OSNR, launch power and transmission distances. For the QPSK and 16QAM signals, the data sets are both randomly divided into training data (70%) and testing data (30%).
In order to demonstrate that the data after preprocessing has the certain features of transmission distance, the trend of the characteristic curves of QPSK under different conditions are shown in Fig. 7 . The horizontal axis and the vertical axis respectively indicate the point number of the preprocessed data and the amplitude of the preprocessed data, in which P represents launch power per channel and SN denotes the serial number of different signals under the same simulation condition. As can be seen from the Fig. 7 , when OSNR or P changes, the trend of the characteristic curves do not change substantially. However, when the CD changes, the characteristic curves change greatly. To sum up, The general trend of the characteristic curves mainly change with the change of the CD, which can use DNN to extract the feature.
The estimated results of QPSK and 16QAM signals with ultra-low sampling rate of 500 MHz is shown in Fig. 8 . The blue solid line, the blue dotted line, the red solid line, and the red dotted line represent the MAE of QPSK, the mean relative error (MRE) of QPSK, the MAE of 16QAM, and the MRE of 16QAM respectively. The MAE can be expressed by Eq. (5), and the MRE can be expressed by Eq. (6) .
where CD real,j is the real CD, CD esti,j is the estimated CD, T is the number of data to be estimated under the same transmission distance. The results show that the maximum MAE of QPSK and 16QAM are approximately 35 ps/nm and 75 ps/nm, respectively, and the maximum MRE is approximately 0.25% and 0.4%, respectively. It notes that 16QAM reduces a larger error than QPSK. It can be explained that CD will make the time domain signals distorted, while the high order modulation format is more affected. In particular, there is no similar conclusion and trend that the short or long transmission distance corresponding to large error, but the estimated error is consistent for all the trainings when the value of loss function less than 10 −3 . The MAE of each training is not exactly the same, but falls within 80 ps/nm. The above results of simulation demonstrate the feasibility of the DNN-based method on CD estimation with ultra-low sampling rate.
In order to explore the influence of different polarization states (SOP) on estimated results, the combination of different SOP and different distances and OSNR is simulated on a 16QAM optical transmission system. The estimated error of CD under different SOP is shown in 9. The results show that the maximum MAE of both SOP are approximately 50 ps/nm, indicating the estimated results are not affected by SOP. Particularly, the proposed method does not require a polarization de-multiplexing first.
In order to prove the robustness of the proposed method to ASE noise, the MAE and MRE of QPSK and 16QAM under different OSNR after 5, 10, 15 and 20 spans transmission is shown in Fig. 10 . In addition, the ASE noise of the EDFA is only adjusted by the module of SetOSNR. The estimated results show that the MAE and MRE of estimated CD of QPSK is less than 120 ps/nm and 2%, respectively, with the OSNR from 12 dB to 30 dB. The MAE and MRE of 16QAM is less than 120 ps/nm and 2%, respectively, with the OSNR from 18 dB to 36 dB.
We also prove the robustness of the proposed method to NL noise, the MAE and MRE of QPSK and 16QAM with the different launch power per channel after 5, 10, 15 and 20 spans transmission is shown in Fig. 11 . The estimated results show that the MAE of the estimated CD of QPSK and 16QAM is less than 45 ps/nm and 35 ps/nm respectively with the launch power per channel from −2 dBm to 4 dBm. And the MRE of the estimated CD of QPSK and 16QAM are both less than 0.2%.
IV. EXPERIMENTAL VERIFICATIONS
In order to verify the feasibility of the proposed method in the practical optical fiber communication systems, we set up the experimental platform shown in Fig. 12 . A laser with the center frequency of 1550nm transmits into the IQ MZM driven by 2-level electrical signals, which generates the 20 GBaud QPSK signals. By adjusting variable optical attenuator (VOA) (a), the launch power is set to 1 dBm. The span length is 100 km, with dispersion coefficient 16.7 ps/nm/km, fiber loss 0.2 dB/km. The number of spans is in the range of 1 to 8. The OSNR of the system is set to 12 dB by adjusting VOA (b) and VOA (c). The values of OSNR measured in optical spectrum analyzer (OSA) are considered as the reference OSNR. By adjusting the EDFA before the coherent receiver, the received power at receiver is set to 0 dBm. The coherently received signals are saved by digital storage oscilloscope with the sampling rate of 1.25 GHz and the analog bandwidth of 18 GHz. We collect 8000 sets of signals under different transmission distances. In particularly, the saved signals are processed off-line for CD estimation.
Based on the above proposed method, the received signals are preprocessed firstly. The trend of the characteristic curves under different transmission distances are shown in Fig. 13 , where SN represents serial number of different signals for the same experiment condition. It demonstrates that the data after preprocessing have the certain features of transmission distance. The MAE and MRE of estimated CD for various transmission distances are shown in Fig. 14 . The blue solid line and the red dotted line represent the MAE and MRE respectively. In the experiment, the maximum MAE and MRE is less than 75 ps/nm and 1.5% after 100 km to 800 km transmission respectively. Therefore, the feasibility and high precision of the proposed method is experimentally proved.
V. CONCLUSION
In this paper, a novel CD estimation method based on DNN with ultra-low sampling rate in optical fiber transmission systems is proposed. Compared with the previously method, the proposed method can estimate CD without training sequence at ultra-low sampling rate and has high precision. The feasibility of the method is demonstrated by the simulation of a 28 GBaud 5-channel optical fiber transmission system. The results show that the maximum MAE for the QPSK and 16QAM is less than 35 ps/nm and 75 ps/nm, respectively, after the 100 km to 2000 km transmission. The robustness of ASE noise and NL noise are also proved. Furthermore, the performance of the proposed method has been verified through the experiment of a 20 GBaud QPSK optical fiber transmission system. When the transmission distances varies from 100 km to 800 km, the maximum MAE of estimated CD is less than 75 ps/nm. To sum up, the proposed method works well on the CD estimation with ultra-low sampling rate in optical fiber communication systems, which can be used for CD estimation of high symbol rate signals by ADCs with low sampling rate and reduces the costs of OPM. 
